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Abstract
Tourism is both an important industry and popular leisure activity undertaken by millions
around the world. One important task for tourists is to plan and schedule tour itineraries that
comprise multiple captivating Points-of-Interests based on the unique interest preferences of
the tourist. The complex task of tour itinerary recommendation is further complicated by the
need to incorporate various real-life constraints such as limited time for touring, uncertain
traffic conditions, inclement weather, group travel, queuing times and crowdedness. In this
survey, we conduct a comprehensive literature review of studies on tour itinerary recommen-
dation and present a general taxonomy for touring-related research. We discuss the entire
process of tour itinerary recommendation research including: (i) data collection and types
of datasets; (ii) problem formulations and proposed algorithms/systems for individual trav-
ellers, groups of tourists and various real-life considerations; (iii) evaluation methodologies
for comparing tour itinerary recommendation algorithms; and (iv) future directions and open
problems in tour itinerary recommendation research.
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1 Introduction

Tourism is a popular leisure activity undertakenbymore than1.18billion international tourists
per annum [97]. Economically, tourism is an important industry, generating more than 284
million jobs and accounting for more than US$7.2 trillion in revenue annually [105]. Despite
its importance and popularity, planning a tour itinerary in a foreign city is both challenging
and time-consuming due to the need to identify captivating Places-of-Interest (POIs) and
plan visits to these POIs as a connected itinerary. Adding to these challenges are the need to
personalize the recommended itinerary according to the interest preferences of tourists, and
to schedule the itinerary based on relevant temporal and spatial constraints, such as having
limited time to complete the tour and needing to start and end near certain locations (e.g. the
tourist’s hotel). Figure 1 shows an example of the tour recommendation problem, where there
are multiple POIs of different categories, and the tourist has to find an itinerary that optimizes
the time taken and number of POIs visited, while satisfying various trip constraints.

Although tourism-related information can be obtained from the Internet and travel guides,
these resources simply recommend popular POIs or generic itineraries but otherwise do not
address the unique interest preferences of individual tourists or adhere to their various tempo-
ral and spatial constraints. Moreover, the large amount of information available increases the
challenge of identifying the relevant information for the tourist. One popular alternative is to
engage the services of tour agencies, but likewise, these tour agencies normally only recom-
mend standard package tours that may not address the interest preferences or trip constraints
of all tourists.

To address these issues, many researchers have studied tour itinerary recommendation
problems and proposed various algorithms for solving these problems. These problems orig-
inated from the operations research community where the main focus is to schedule an
optimal path, where the measure of optimality is typically based on a global metric such
as POI popularity, and thus there is no personalization based on unique user interests. With
the prevalence of smartphones and location-based social media, there has been an increased
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Fig. 1 Example of the tour recommendation problem
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emphasis on data-driven approaches to tour itinerary recommendation to better model the
interest preferences of tourists and recommend personalized tour itineraries that satisfy these
interest preferences as well as other trip constraints. In this survey paper, we focus on such
data-driven tour recommendation research, particularly on the types of data sources used, the
problem variants formulated, the algorithms proposed and the evaluation methodology used.

Closely related to the field of tour itinerary recommendation are the fields of next-
location prediction/recommendation [6,41,66,76,91], top-k location recommendation [62,
65,103,107,108,112] and travel package/region recommendation [7,8,82,95]. Although these
fields are related to tour itinerary recommendation, there are distinct differences in terms of
the problem studied. Next-location prediction and recommendation aim to identify the next
location that a user is likely to visit based on his/her previous trajectories, whereas tour
itinerary recommendation aims to recommend multiple POIs or locations in the form of a
trajectory. Top-k location recommendation and travel package/region recommendation do
fulfil the criterion of recommending multiple POIs as part of a ranked list or travel package,
but they do not structure these POIs as a connected itinerary. In contrast, tour itinerary rec-
ommendation has the additional challenges of planning an itinerary of connected POIs that
appeal to the interest preferences of the users, while adhering to the temporal and spatial
constraints in the form of a limited time budget for touring and having to start and end at
specific POIs.

In this survey,we focus onworks related to tour itinerary recommendation and the different
real-life considerations incorporated into this problem. Figure 2 illustrates a taxonomy of
the general area of touring-related research, which is further divided into the sub-areas of
operations research and recommendations.

1.1 Related surveys and reviews

There exist a variety of survey and review articles that cover different aspects of the tour
recommendation problem. In this section, we discuss these related articles and highlight the
differences between this paper and the earlier articles.
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The tour recommendation problem is closely related to the tourist trip design problem
covered in the operations research community, and consequently, there have been various
survey papers [45,88] focusing on the aspects of problem formulation, algorithmic design and
the complexity of this problem. Similarly, many tour recommendation problems are based on
variants of the Orienteering Problem (OP), and [48,101] provide in-depth discussions on the
OP. Researchers such as [11] performed a review of tour recommendation systems, focusing
on applications and systems aspects such as the types of interface, the system functionalities,
the recommendation techniques and the artificial intelligence methods used. Others studied
recommendations in general on location-based social networks [5] and the general types
of research utilizing Flickr photographs [90], with a small portion of their survey covering
tourism-related applications. While these articles offer interesting discussions into different
aspects of tour recommendation, this paper differs from the earlier articles in the following
ways: (i) First, we review tour recommendation research as a holistic problem, covering
the whole process from data collection, data pre-processing, tour itinerary recommendation,
experimentation and evaluation; and (ii) second, we provide a comprehensive review of the
current state-of-the-art in tour recommendation research.

1.2 Structure and organization

The rest of the paper is structured as follows. Section 2 discusses the different sources and
methods for obtaining tourist visit data. Section 3 describes various tour recommendation
algorithms targetted at the individual traveller. Section 4 examines the problem of recom-
mending tours to groups of tourists and examines various algorithms and applications that
aim to fulfil this task. Section 5 studies the various methodologies that can be used to evaluate
the performance of tour recommendation algorithms. Section 6 summarizes this review paper
and discusses research directions for future work.

2 Methods for retrieving tourist visit data

In all tour recommendation works, one of the initial steps is to identify an appropriate data
source that is representative of real-life tourist trajectories. This data source is mainly used
to infer the implicit preferences of users and to evaluate the proposed tour recommendation
algorithms. Typical data sources are geo-tagged photographs or other social media, location-
based social networks, or GPS trajectory traces. In this section, we discuss these three types
of datasets with the main focus on geo-tagged photographs, which is also the most prevalent
data source used in tour recommendation works.

Mining Tourist Trajectories using Geo-tagged Photographs We first discuss the mining of
users’ past trajectories and cover optimization-based approaches to itinerary recommendation
in the subsequent sections. Choudhury et al. [29] was one of the earliest works to study both
itinerary recommendation using an optimization-based approach and themining of users’ past
trajectories based on geo-tagged photographs (Fig. 3). Using geo-tagged Flickr photographs,
Choudhury et al. construct these past trajectories using the following steps:

1. Constructing an Ordered Sequence of Relevant Photographs The entire set of pho-
tographs are first filtered to remove those that are: (i) not taken in the specific city,
based on user tags containing city names; (ii) taken in the specific city but not by a
tourist, based on the photograph taking time-frame; and (iii) stamped with an inaccurate
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Fig. 3 Construction of tourist trajectories from geo-tagged photographs . Retrieved from [29]

time taken, based on comparison between taken time and upload time. The remaining
photographs are then ordered in a temporal sequence.

2. Mapping Photographs to Popular POIs Using a list of POIs and their the lati-
tude/longitude coordinates, the authors map the photographs to a POI if either: (i) the
locations of the photograph and POI differ by ≤ 100 m; or (ii) the trigram set similarity
between the photograph tags and POI name is above a threshold of 0.3.

3. Generating Timed Sequences of POI VisitsAfter Step 2, the authors then determine POI
visit duration and POI-to-POI travel duration based on the photograph timestamps, and
the sequence of POI visits are divided into smaller sub-sequences if two consecutive
photographs are taken more than 8 h apart.

Other authors such as [15,17,20,60,61,69,71–73,78,80] also adopted variations of this
approach in their tour recommendation works. Similarly, this approach can be easily adapted
to other forms of social media with a geo-tagged location such as Tweets or Facebook posts.
Apart from mining tourist trajectories, many authors further refine this trajectory mining
problem by assigning categories to POIs and using these POI categories to determine the
interests of tourists. Many of these approaches are discussed later in Sect. 3.2.

Mining Tourist Visits on Location-based Social NetworksAnother source for obtaining tourist
trajectories or visits is from Location-based Social Networks (LBSNs) such as FourSquare or
JiePang. LBSNs users are able to follow one another and form friendship links and are able
to explicitly check-in to locations or venues that they have visited. These check-in locations
include POIs, restaurants, businesses or general venues, which can be further divided into
categories such as Food, Coffee, Nightlife, Fun and Shopping. LBSNs provide another popu-
lar source of data and have been used by numerous researchers in their tour recommendation
and path planning problems [37,47,59,110,114,115].

GPS-based Trajectory Traces GPS-based trajectory traces are another popular data source
commonly used for tour recommendation and path planning problems [27,109,117,119].
These traces are typically recorded based on GPS-enabled devices such as today’s smart
phones and dedicated GPS trackers. With the advent of smart phones, such GPS-based tra-
jectory traces are increasingly common but privacy issues prevent such datasets from being
publicly shared on a large-scale, unlike datasets based on public geo-tagged photographs
and LBSNs. Despite the restrictions on GPS-based trajectory traces, these datasets provide
a very detailed record of a user’s movement trajectory based on fine-grained GPS locations,
in contrast to geo-tagged photographs and LBSNs that only record visits to specific POIs or
locations.
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3 Tour recommendation for individual travellers

In this section, we first review optimization-based approaches to tour recommendation that
do not include any user personalization. Thereafter, we discuss data-driven tour recommen-
dation approaches that include personalization based on user interests, traffic conditions, and
travelling uncertainty. Table 1 presents an overview of variousworks on tour recommendation
for individual travellers.

3.1 Optimization-based approaches (without personalization)

Tour recommendation has its roots in the OP and similar variants, where a key feature is that
they do not incorporate any personalization for individual users. As a result, the same tour
itinerary is recommended to all users, given the same starting/ending POIs and time budget
as inputs.

Orienteering Problem (OP) The OP originated from a sport of the same name, where par-
ticipants visit check-points with pre-determined scores, in an attempt to maximize their total
score within a specific time. In recent years, many tour recommendation studies have mod-
elled tour recommendation based on the OP and its many variants. Similarly, there have been
many web applications [75,98] developed based on variants of the OP. We first describe the
original OP [48,96,101] and how it is applied to the field of tour recommendation.

Many tour recommendation works are focused on individual cities, each of which com-
prises a set of POIs P . For a tourist visiting a particular city, he/she will have considerations
of a certain time or distance budget B and preferred starting and ending POIs p1 and pN ,
respectively. The budget typically represents the amount of time that a tourist would want
to spend on a tour or the distance that he/she is willing to travel. Similarly, the starting and
ending POIs reflect the preferences of the tourist to start the tour near a particular point (e.g.
the tourist’s hotel) and end the tour at another point (e.g. near a restaurant for dinner). Thus,
given the set of POIs P , a budget B, starting POI p1 ∈ P , destination POI pN ∈ P , our
main goal is to recommend a tour itinerary that maximizes a particular score, while adhering
to the constraints of the budget, starting and destination POIs. We formally define this as
recommending a tour itinerary I = (p1, . . . , pN ) that optimizes the following objective:

Max
N−1∑

i=2

N∑

j=2

xi, jScore(i) (1)

where xi, j = 1 if the itinerary involves travelling from POI i to j , and 0 otherwise. Such
that:

N∑

j=2

x1, j =
N−1∑

i=1

xi,N = 1 (2)

N−1∑

i=1

xi,k =
N∑

j=2

xk, j ≤ 1, ∀ k = 2, . . . , N − 1 (3)

N−1∑

i=1

N∑

j=2

Cost(i, j)xi, j ≤ B (4)
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Equation 1 aims to maximize a certain score that is allocated to POIs in the recommended
tour itinerary. This score is typically based on POI popularity, POI alignment to user interests,
or some variation of the two. Constraint 2 ensures the tour starts and ends at specific POIs,
while Constraint 3 ensures that the recommended tour itinerary comprises POIs connected as
a trajectory and no POIs are re-visited. Finally, Constraint 4 ensures that all POIs in the tour
itinerary can be visited within the budget B, where the function Cost(px , py) determines the
travelling time or distance between POI px and POI py .

Itinerary Mining Problem Based on the OP, [29] proposed the Itinerary Mining Problem
(IMP), which aims to find an itinerary that maximizes POI popularity while ensuring that
touring time is within a pre-determined budget. They model POI popularity based on the
visit count by distinct tourists, transit times between POIs based on the median transit time
by all tourists, and POI visit times based on the 75th percentile of visit time by all tourists. A
recursive greedy algorithm [22] is used to solve the IMP, where it tries to estimate the middle
node of the itinerary and the associated utility (popularity) gained and cost (time) incurred
and then recursively calls itself on both halves of the itinerary.

Tour Recommendation with Specific POI Category Sequence Gionis et al. [47] approached
tour recommendation in a similar fashion as the OP, except that they: (i) consider the POI
categories in their tour recommendation; and (ii) recommend tours with a specific visit order
over all POI categories, e.g. Cafe → Parks → Beach. Apart from this constraint of a POI
category visit order, the authors also consider variations of this ordering constraint, such as:

– Partial Ordering of POI Categories Instead of a total ordering, this relaxed constraint
allows for a partial ordering of POI categories, e.g. Cafe → Parks is a partial ordering of
Cafe → Parks → Museum → Shopping.

– Subset Grouping of POI Categories Instead of a specific order, this relaxed constraint
allows for a subset of the ordering of POI categories, e.g. a visit order would be Cafe OR
Restaurants → Beach OR Parks, instead of the specific order Cafe → Beach → Parks.

– Skipping of POI Categories Instead of having to visit all POI categories at least once, this
relaxed constraint allows for one or more POI categories to be skipped, i.e. not visited in
the recommended tour.

The authors proposed two schemes for evaluating the utility of each tour, namely: (i) an
additive satisfaction function on the perceived benefit from visiting a particular POI, based
on either a general measure (e.g. POI popularity) or personalized measure (e.g. personal sat-
isfaction); and (ii) a coverage satisfaction function that determines the number of additional,
nearby POIs that can be visited during the tour, i.e. POIs within a certain distance from the
tour. To solve this tour recommendation problem and the different variations of the relaxed
constraints, the authors used a dynamic programming approach.

Tour Recommendation with POI Category Visit Constraints One possible issue with typical
tour recommendations is that it may include excessive visits to the same POI categories
(e.g. visiting 10 museums for a tour), resulting in a “sensory overload”. To overcome this
issue, Bolzoni et al. [9] proposed the CLuster Itinerary Planning (CLIP) algorithm that aims
to recommend tour itineraries with constraints on the maximum number of times that each
POI category can be recommended. The proposed CLIP algorithm makes extensive use
of clustering and pruning techniques to reduce the search time required to generate a tour
itinerary, with the following steps:

1. CLIP first uses agglomerative clustering to group POIs into k clusters using a bottom-up
approach, based on the proximity of POIs.
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2. To recommend a tour, CLIP generates a path starting from POI S, followed by POI
cluster C1, C2, …, CN , ending at POI D, with the assumption that the travel costs
within a POI cluster are negligible.

3. After Step 2, CLIP selects a subset of individual POIs from each POI cluster, with the
aim of maximizing the obtained utility score. This selection problem is modelled as a
multi-dimensional knapsack problem.

3.2 Personalization-based approaches

After discussing optimization-based approaches, we now review data-driven approaches to
tour recommendation that include personalization to recommend a customized and unique
tour itinerary to each tourist based on their interest preferences. In such personalization-based
approaches, the key research challenges are: (i) implicitly inferring the interest preferences
of tourists; and (ii) incorporating these interests as part of the recommended tour itinerary.

Tour Recommendation based on Gender, Age and Race Cheng et al. [28] aim to recommend
tours based on the current location of a user and his/her demographic details such as gen-
der, age and race, which are automatically detected from Flickr photographs using a facial
detection algorithm [102]. Their tour recommendation then takes two forms, namely:

1. Recommending Next POIUsing the user demographic details, the recommender utilizes
aBayesian learningmodel that also considers the user’s current location and their learned
tourist travel model based on travel sequences by other users with similar demographic
attributes.

2. Recommending Tour Itinerary They modelled tour recommendation as a shortest path
problem from a starting POI to destination POI, while also including N other POIs with
POI scores based on popularity and alignment to the user demographic profile. While
there is no time or distance budget (like in typical OPs), the authors implemented a
penalty function that favours shorter paths.

A later work [26] extended upon [28] by considering the size of the group in which a user
is travelling, i.e. individuals, friends, couples or families. They perform this consideration
by using facial recognition techniques to detect the number of faces in a photograph, thus
identifying the number of travellers in a group.

TripBuilder Algorithm Brilhante et al. [15,17] developed the TripBuilder algorithm for
planning personalized tour itineraries for tourists based on the Generalized Maximum Cov-
erage problem [31].TripBuilder aims to plan a tour comprising POIs thatmaximize tourists’
personal interests while adhering to a specific visiting time budget. TripBuilder comprises
two steps:

1. Selection of Sub-trajectories As part of the Trip Cover problem, the authors use an
approximation algorithm to select a set of sub-trajectories among POIs that best satisfies
the tourist interests and is within the specified time constraint.

2. Joining of Sub-trajectories As part of the Trajectory Scheduling Problem, the sub-
trajectories found in Step 1 are then joined together to form a complete tour itinerary
using a local search algorithm.

The TripBuilder algorithm has also been developed as a web-based application with the
same name [16].

TourRecInt Algorithm The TourRecInt algorithm [69] aims to recommend tour itineraries
with a mandatory-visit POI category cm . In turn, this mandatory-visit POI category is based
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on the POI category that the tourist is most interested in, which the author defined as the most
frequently visited POI category. TourRecInt is based on an OP variant with the addition of
the mandatory-visit category, which is formally defined as:

N−1∑

i=1

N∑

j=2

xi, jδ(Cati = cm) ≥ 1, ∀ cm ∈ C (5)

where δ(Cati = cm) = 1 if Cati = cm (POI i is of category cm), and 0 otherwise. The
optimization function and other constraints are the same as the basic OP. Other works have
also studied problem variants with must-visit POIs [93].

PersTour AlgorithmThe PersTour algorithm [71,73] recommends tour itineraries with POIs
and visit durations tailored to the interest preferences of individual tourists. This personal-
ization is based on both POI popularity and time-based user interests, which is a relative
measure of user interest in a POI category based on how long a tourist visits a POI compared
to the average visit duration by other tourists. Given that Su is the POI visit history of tourist
u, the time-based user interest of tourist u in POI category c is formally defined as:

IntTime
u (c) =

∑

px∈Su

V̄u(px )
1

|T |
∑
t∈T

V̄t (px )
δ(Catpx = c), ∀ c ∈ C (6)

where δ (Catpx = c) = 1 if Catpx = c, and 0 otherwise.
The function V̄t (px ) indicates the average amount of time spent by tourist t at POI px ,

based on all the travel history of tourist t . Thereafter, the PersTour algorithm attempts to
recommend tour itineraries similar to that of the OP, with two main differences, namely: (i)
PersTour optimizes for POI popularity and time-based user interest; and (ii) PersTour
uses a time budget based on both travelling time and a personalized POI visit duration based
on user interest.

Aurigo SystemAurigo is a recommendation system that recommends personalized itineraries
via an End-to-End mode and a Step-by-Step mode [106]. The End-to-End mode, like the OP,
aims to recommend tours with specific starting and ending points, while maximizing POI
popularity and user interests. POI popularity is determined based on Yelp review counts and
ratings, while interest preferences are explicitly provided by users in the form of 1–5 star
ratings on each POI category. For the Step-by-Step mode, the user first chooses a starting
point and then iteratively chooses the next POI to visit until he/she is satisfied with the self-
constructed itinerary. The tourist is able to modify the itinerary via a Pop Radius feature
(Fig. 4), which shows all POIs within a specific radius to a selected POI and allows for
fine-tuning the recommended itinerary.

Photo2Trip SystemLuet al. [77] developed thePhoto2Trip system that utilizes 20million geo-
tagged photographs and 0.2 million travelogues for the main purposes of identifying popular
POIs, POI-to-POI path discovery and tour recommendation. More specifically, Photo2Trip
achieves these functions by:

1. Identifying popular attractions Photo2Trip used MeanShift clustering to group pho-
tographs into clusters based on their location. They then picked the top 10% largest
clusters and named them based on the nearest POI in the travelogues.

2. POI-to-POI path discoveryAs a single usermay not post all photographs of his/her entire
trajectory, Photo2Trip combines multiple fragments of photograph-to-photograph paths
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Fig. 4 Example of an itinerary generated by Aurigo, with the Pop Radius feature (blue circle) that allows users
to add/delete POIs that are in close proximity. Retrieved from [106] (color figure online)

from different users into a single POI-to-POI path based on the density of the photograph
fragments and their actual distance.

3. Tour recommendationUsing the list of POIs and paths (from Steps 1 and 2), Photo2Trip
then uses dynamic programming to find an optimal (popular and interesting) tour that
can be completed within a specific time budget.

Context-aware TourRecommendation Instead ofmapping photographs to knownPOIs,Majid
et al. [79] infer the location of POIs and their semantic meaning using clustering approaches
on geo-tagged photographs. Their approach also infers popular travel sequences between
POIs and considers the context of the tour recommendation, i.e. time, day and weather. In
summary, [79] performs this context-aware tour recommendation in the following steps:

1. Inferring POI Locations The P-DBSCAN algorithm [57] is first used to cluster geo-
tagged photographs into a set of POI locations in a city. Thereafter, user tags and Google
Places data are used to determine the semantic meaning of POI.

2. Mining frequent travel sequencesNext, theymapped geo-tagged photographs to the dis-
covered POIs to construct travel sequences and used the re-fixSpan algorithm (partially
based on [49]) for mining frequent travel patterns.

3. Determining Weather Conditions Using the Wunderground API, the authors then asso-
ciate each POI visit with the weather conditions (temperature, wind chill, humidity,
pressure and wind speed) when the visit took place.

4. POI and Tour Recommendation Finally, they utilized user-based collaborative filter-
ing to determine POI interest scores for users, then used the joint probability of POI
interest scores, time and weather to determine the likelihood of including a POI in a
recommended list.

Tour Recommendation with Time-variant Interests Instead of the OP, Yu et al. [110] proposed
a tour recommendation problem with a starting POI and touring time budget, but with no
consideration of a specific destinationPOI.One key difference between thiswork and others is
howYuet al. proposed the idea of time-variant interest preferences, e.g. visit tourist attractions
in the morning and have lunch at a restaurant at noon. This work uses the following steps:
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1. Modelling User Interest Preferences Interest preferences are modelled based on six time
periods throughout the day (except sleeping time from midnight to 8 a.m.), and interest
levels are based on visit frequency to POI categories.

2. Modelling POI Scores POI scores are derived from a combination of POI popularity
(based on the number of visits to that POI in a specific month) and the POI rating (as
assigned by JiePang users to that POI).

3. POI Recommendations This next step involves identifying POIs that are interesting to
the user and near the specific starting location, then ranking them using user-based
collaborative filtering [116].

4. Construction of Tour Itinerary The final step includes constructing a tree rooted starting
at a specific POI and subsequent levels based on a list of top-N POIs [119] for each time
period. The recommended tour itinerary is determined based on a tree traversal, where
the POI-to-POI transition probability is based on user interests, POI popularity, touring
time and POI-to-POI distances.

Tour Recommendation based on Time and Seasons Compared to other tour recommendation
systems, Jiang et al. [54] proposed a system that considers interest preferences, POI admission
costs, POI opening hours and the visiting seasons, which they automatically obtain from geo-
tagged photographs and travelogue websites. Their tour recommendation system comprises
the following steps:

1. Extracting POI Statistics from Travelogues and Photographs The authors utilize tags
and description of travelogue articles to determine the various categories, admission
cost and opening hours of POIs. Photograph timestamps are also used to determine the
visiting distribution at the POIs during the different seasons.

2. Determining User Interest, Cost, Time and Season Preferences Using users’ posted
photographs as travel sequences, the authors determine their interest preferences based
on the associated tags, and cost, time and season preferences based on photograph
timestamps.

3. Tour Itinerary Recommendation The recommended tour is personalized to individual
users based on popular routes, which are filtered tomatch the interest, cost, time and sea-
son preferences of individual user. Using these popular routes, the authors then replace
POIs with those that better match user preferences based on a variant of collaborative
filtering [64,118].

3.3 Consideration for situational awareness

The consideration of user interest preferences (in the previous section) is an attempt to
make tour recommendations more personalized and there are various works that incorporate
other real-life considerations. Other practical considerations that raise novel optimization
challenges include incorporating forms of situational awareness such as multiple modes of
transport, considering traffic conditions, POI crowdedness and queuing times and including
uncertainty in travelling times, which we discuss next.

Recommending Tours with Consideration for Traffic Conditions TripPlanner [24] is a traffic-
aware route planning system that recommends personalized routes comprising a set of must-
visit POIs while considering the traffic conditions at different POIs and times based on
Foursquare check-ins and taxi GPS traces. TripPlanner operates based on three main steps:

1. Generating a Dynamic POI Network Model TripPlanner uses FourSquare to determine
the popularity, category, location, opening hours and visit duration at POIs. Similarly,
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taxi GPS traces are used to derive the travelling time between POIs based on a time-
dependent traffic condition.

2. Searching for Possible Routes Based on user-specified starting/destination POIs, must-
visit POIs and touring time, TripPlanner searches for valid routes that satisfy these
constraints. If no valid routes can be found, it iteratively suggests removals from the
must-see POIs, until a valid route can be found.

3. Augmenting Routes with Preferred POIs If the route found in Step 2 has unused time
budget, TripPlanner augments the original route with additional POIs to maximize user
satisfaction based on their interest preferences.

There have also been applications that consider time-varying travelling times between
POIs based on the traffic conditions as well as transport modes at the time of POI departure,
such as the eCOMPASS tourist tour planner [44].

In the field of Operations Research, there are also route planning works that consider mul-
tiple transport modes and uncertain travelling times [12,13,36]. While these works present
interesting results, they differ from our tour recommendation problem as they are mainly
concerned with finding the shortest path between a starting and ending location. Similarly,
researchers such as [67,68] incorporate traffic flow predictions into their route planning prob-
lem, enabling them to recommend routes that avoid traffic congestion and hazards in advance.

Recommending Tours based on Interests and Different Transport Types Kurashima et al.
[60,61] proposed a method for tour recommendation that considers the current location
of the user, his/her interest preferences, available time for touring and available means of
transport. The authors use a combined topic and Markov model to recommend POIs that
are based on a user’s interest and current location. They used Probabilistic Latent Semantic
Analysis (PLSA) [51] as the topic model, which considers the interests of a user and models
the probability of this user visiting a POI p given a travel history h, that is:

P(p|h) =
∑

z∈Z
P(z|h)P(p|z) (7)

where Z is the set of topics for the POIs, P(z|h) is the probability of a user being interested
in topic z, and P(p|z) is the probability that POI p is selected from topic z.

For the Markov model, the authors employ a first-order Markov model, where the prob-
ability of visiting a POI pt depends on a previous POI visit pt−1. This is formally defined
as:

P(pt |pt−1) = N (pt−1, pt )

N (pt−1)
(8)

where N (pt−1, pt ) is the frequency that POI pt is visited after a prior visit to POI pt−1, and
N (pt−1) is the total visit count at POI pt−1.

The authors then combine the topic and Markov models as one single model, using the
following formula:

P(pt |pt−1, h) = P(pt |pt−1)

C(pt−1|h)

P(pt |h)

P(pt )
(9)

where C(pt−1|h) is a normalization factor based on unigram rescaling [46]. This combined
topic and Markov model then recommends the next POI to visit based on the user’s current
location and his/her interest preferences. To recommend a tour itinerary, the authors use a
best-first search algorithm to select tour itineraries with the highest probability and adhere
to the available touring time.
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Recommending Tours with Transport-cost AwarenessUnlike other works that consider trans-
portation based on traffic conditions or transport modes, [38] included the consideration for
the transport cost associated with a recommended tour. The authors utilized geo-tagged pho-
tographs to determine the popularity of POIs, visit durations, opening hours and appropriate
visual scenes to display at different times of the day. They modelled their tour recommenda-
tion problem based on a variant of the NP-hard Vehicle Routing Problem with TimeWindow
[14]. In this problem, their main aim is to visit the largest number of popular POIs and ensure
that the routes taken are minimal and smooth (i.e. no long detours), while adhering to the
available touring time and transportation cost budget.

Recommending Tours based on Interests, POI Opening Hours and Travel Time Uncertainty
Zhang et al. [114,115] studied tour recommendation with the goal of recommending person-
alized itineraries based on the interest preferences of users and available touring time, while
considering opening hours of POIs and uncertainty in travelling time. Their work involves
the following:

– Modelling User Interest Preferences The authors modelled interest preferences based on
user ratings on POI features, instead of specific POIs, using their proposed feature-centric
collaborative filtering approach [115].

– Modelling Travel Time Uncertainty Uncertainty in travelling time is represented as a
random variable associated with a particular probability distribution. This work aims to
recommend tours with a high completion probability, i.e. the likelihood of completing
an itinerary within the time budget.

– ModellingPOIOpeningHoursThe authors consider POI opening hours by implementing
a POI availability constraint, and adopt a tour recommendation approach by iteratively
adding a POI to an itinerary if it satisfies this constraint, along with the total time budget
constraint.

Personalized Tours with Queuing Time Awareness In tourist attractions like theme parks, the
queuing times are an important considerations when recommending a tour itinerary. Figure 5
illustrates an example where Itinerary 2 results in incomplete visits due to excessive queuing
times, while Itinerary 1 is able to complete all visits due to considering for queuing times.
[70] studied this queue-aware tour recommendation problem based on an OP variant with
time-dependent queuing times, and travel costs comprising queue times, ride durations and
travel times. To solve this problem, the authors proposed the PersQ algorithm, adapted from
Monte Carlo Tree Search [18,33], which involves:

– Selection PersQ initializes at a starting POI s and iteratively selects a next POI n to
expand based on a strategy of exploring unvisited POIs and exploiting POIs with high
reward, where the reward is based on a heuristic of most popular/interesting POIs with
the shortest distance/queuing time.

– Expansion If selected POI n is not the destination POI or exceeds the total time budget,
expand POI n and randomly select one of the unvisited POIs.

– Simulation Steps 1 and 2 are then iteratively simulated until either the total time budget
is exhausted or the specified destination POI is reached.

– Back-propagation During this step, the current itinerary is the set of all POIs visited and
the reward for this itinerary is calculated and then back-propagated to all the visited POIs
during this iteration.

Steps 1–4 are considered one iteration of PersQ, and PersQ is then repeated for either a
fixed number of iterations or for a fixed time period. At the end of these multiple iterations,
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Fig. 5 Example of queue-aware tour itinerary recommendation . Retrieved from [70]

there will be multiple itineraries being explored and the recommended itinerary is the one
with the highest reward.
Personalized Crowd-aware Tour Recommendation Wang et al. [104] studied personalized
crowd-aware tour recommendation, with the main objective of planning itineraries that opti-
mize the conflicting objectives of POI popularity, user interests and POI crowdedness. The
authors determine POI popularity based on past visit frequency, user interests using user-
based collaborative filtering [113], and POI crowdedness from a pedestrian sensor dataset.
Using a variant of the Ant Colony Optimization algorithm [34], the authors proposed the
PersCT algorithm for solving this problem. PersCT utilizes a number of agents and works
in two main steps:

1. Route Initialization Agents start at a specific POI and iteratively visit next POIs until
reaching the destination POI. The selection of next POI favours thosewith higher profits,
nearer to the destination, and recently selected.

2. Route Update After the previous step and all agents have generated itineraries, the
itinerary with the highest profit (based on POI popularity, user interests and POI crowd-
edness) is recorded before being de-emphasized over time.

Steps 1 and 2 are repeated a fixed number of times andPersCTwill lean towards itineraries
with high profits that were recently used by agents. Eventually, the recommended tour
itinerary is the one with the highest profit based on the joint objectives of POI popularity,
user interests and POI crowdedness.

3.4 Other approaches

While user personalization and real-life traffic/transport considerations are important, there
are tourists that emphasize different aspects of travelling, such as recommending routes that
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may not be the most popular but are the most scenic or safest. In the following sections, we
present some of these works.
Recommending beautiful, quiet and happy routes Instead of popular or personalized routes,
[83] recommended routes that are emotionally pleasing, i.e. beautiful, quiet and happy. They
use crowdsourcing to identify photographs that are beautiful, quiet or happy,with photographs
corresponding to specific locations with their perceived scores. Thereafter, they recommend
tours as follows:

1. Given a starting point s and destination d , use Eppstein’s algorithm [35] to recommend
the M shortest routes from s to d , where M is set to be arbitrarily large (e.g. 1 million)
such that it covers all possible routes.

2. Given k ≤ M , calculate the average beauty, quietness or happiness rank for each of the
top-k routes and record the route with the best rank. Instead of all M routes, the intuition
is to iteratively explore a smaller set of k routes.

3. Repeat Step 2 for the next k routes and identify the route with the best rank. This step
repeats until the improvement is less than a threshold ε, and the last route is recommended
as the most beautiful, quietest or happiest route.

Quercia et al. also utilized the user tags of photographs to determine how beautiful, quiet
and happy each photograph is, based on the Linguistic Inquiry Word Count dictionary [81].
Similarly, the ScenicPlanner system [23] also used Flickr photographs andFourSquare check-
ins to determine scenic scores for individual road segments as part of a larger scenic route
planning problem. Other researchers have also focused on other aspects of non-touristic tour
recommendations, such as [39,40,55] who used crime statistics for recommending short but
safe paths.

Random Walks with Restart Also using geo-tagged photographs, Lucchese et al. [78] rec-
ommended POI visits using random walks on a graph-based representation of past tourist
trajectories. This algorithm comprises the following steps:

1. The authors first construct an itinerary graph G = (P, E,W ), where P is the set of all
POIs, E is the set of edges representing co-visits to two POIs, andW is the edge weight
based on unique visitors of that POI pair.

2. Itinerary graph G is then transformed into an itinerary transition matrix, with the tran-
sition probability between POIs. The authors then use the Random Walk with Restart
algorithm [94] to compute the steady-state probability distribution for the set of POIs
previously visited by the tourist.

3. Using the itinerary transition matrix, tourist POI visit history and its steady-state prob-
ability distribution, they calculate the scores of the unvisited POIs based on the product
of entries in the steady-state probability distribution. Finally, the algorithm then recom-
mends the top-k POIs with the highest scores, which can be constructed as a connected
itinerary.

3.5 Web andmobile-based applications

In this section, we examine various web and mobile-based applications for recommending
personalized tours. Unlike the personalization-based approaches that infer interest prefer-
ences (previous section), these applications employ user interfaces to explicitly solicit interest
preferences from tourists before using these interest preferences to recommend personalized
tour itineraries.
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City TripPlanner This systemwas proposed byVansteenwegen et al. [100] for recommending
personalized tours in five cities in Flanders, Belgium (Antwerp, Bruges, Ghent, Leuven
and Mechlin) based on user-provided interest preferences. The City Trip Planner works in
the following steps: (i) soliciting trip constraints such as the trip duration, starting/ending
locations and break timings; (ii) estimating user interests using theVector SpaceModel [4,89]
on the user-provided interest levels in various POI categories; (iii) recommending tours using
a Greedy Randomised Adaptive Search Procedure [99]; and (iv) altering the recommended
tour based on user feedback, i.e. removing specific POIs.

myVisitPlannerGR myVisitPlannerGR is a web-based application that is targetted at recom-
mending touristic activities to visitors of Northern Greece [85]. There are three main steps to
using the myVisitPlannerGR system, namely: (i) getting users to provide their demographics
details and trip constraints; (ii) suggesting activities using a hybrid recommender based on a
variant of collaborative filtering on user-rated activities; and (iii) recommending an itinerary
of suggested activities using the scheduling engine of SelfPlanner [84,86]. This system uses
an ontological approach to represent activities where there are multiple hierarchical levels.
Activity providers have the flexibility to describe their activity at a higher, more general
hierarchical level or a lower, more specific level. In addition, the system keeps track of the
ratings that users assign to the various activities and uses these ratings as input to their hybrid
recommender system.

SAMAP System The authors of [21] proposed the SAMAP system for recommending and
planning a personalized daily itinerary that considers his/her user profile and available touring
time. SAMAP was designed for mobile devices such as smart phones and operates as a
multi-agent system, comprising the following agents: (i) first, an interface agent that solicits
interests, trip preferences and personal information from the tourist; (ii) next, a usermodelling
agent builds a model of the user to pass to the next agent; (iii) a case-based reasoning agent
then identifies a set of POIs that are aligned to the user’s interest, based on the preferences of
similar users; and (iv) finally, a planning agent schedules an itinerary comprising a subset of
the earlier POIs that maximizes the tourist’s utility score, while accounting for POI opening
hours and transport modes between POIs.

Thus far, we have examined tour itinerary recommendation for individual travellers and
covered optimization-based approaches, personalization-based approaches, and web and
mobile-based applications. In real life, people frequently travel in groups of varying sizes,
such as couples, family and friends, and we discuss such works in the next section.

4 Tour recommendation for groups of tourists

Tour recommendation research typically focus on the single traveller, as seen in Sect. 3.
In real life however, tours frequently involve multiple travellers such as couples, friends
or families, which are challenging due to the need to appeal to multiple travellers within
the same group. In the next section, we examine some early efforts on resolving this group
tour recommendation problem. Table 2 presents a broad overview of the various group tour
recommendation works.

Group Tours with Tour Guides Lim et al. [72] introduced the Group Tour Recommendation
(GroupTourRec) problem, where the main aim is to recommend tours that satisfy groups
of tourists with diverse interest preferences. They solve the GroupTourRec problem by
decomposing the problem into more manageable sub-problems of tourist grouping, POI
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recommendation and tour guide assignment. Given the set of tourists T = {t1, . . . , tl}, tour
guides U = {u1, . . . , um}, tour groups G = {g1, . . . , gm}, and POIs P = {p1, . . . , pn}, the
main goal of GroupTourRec is to optimize the following function:

Maxα
∑

g∈G

∑

t∈T

∑

p∈P

xt,g yg,p
(
ηIntt (Catp) + (1 − η)Pop(p)

)

+(1 − α)
∑

g∈G

∑

u∈U

∑

p∈P

zu,g yg,pEpt(u, p) (10)

where xt,g = 1 if tourist t is assigned to group g, yg,p = 1 if group g is recommended POI
p, zu,g = 1 if tour guide u is assigned to group g, and 0 otherwise.

In short, the main objectives of Eq. 10 are to find optimal values for: (i) tourist allocation
to tour group, i.e. xt,g; (ii) POI recommendation to tour group, i.e. yg,p; and (iii) tour guide
assignment to tour group, i.e. zu,g . GroupTourRec is divided into more manageable sub-
problems and solved by: (i) using k-means to cluster users into tour groups based on their
interest preferences; (ii) using an OP variant for recommending itineraries to tour groups
based on their group interest; and (iii) using integer programming to assign tour guides to
tour groups based on the guide expertise and recommended itineraries.

Group Tours with Pre-assigned Groups Anagnostopoulos et al. [2] also proposed similar
group tour recommendation problems, focusing on recommending tour itineraries that best
satisfy a group of tourists, which is pre-determined in advance. These are termed the Tour-
GroupSum, TourGroupMin and TourGroupFair problems, which differ based on the
objective function to be optimized. Instead of solving these problems as an Integer Linear
Program like [72], they utilized greedy heuristics and Ant Colony Optimization to solve
their group tour recommendation problems. Another difference is that [2] did not consider
the assignment of tour guides to lead each tour group, but they consider multiple forms of
optimization objectives to maximize the overall group interest (TourGroupSum), interest
of the least satisfied user (TourGroupMin) and fairness among all members of a group
(TourGroupFair).

e-Tourism System e- Tourism [42,43] is a system that aims to recommend interesting activ-
ities (including POI visits) to either individuals or groups of tourists. There are several main
steps in using the e-Tourism system, namely:

1. Provide Tourist Profile and Groupings The individual traveller first provides his/her
demographic details and interest preferences, and additionally, groups of tourists need
to explicitly state the members of their group.

2. Recommendation to Individuals and Groups e- Tourism recommends a list of activities
or POIs to individual tourists, using approaches based on demographics [19], content
[19], general likes-based filtering [50] or a hybrid. For groups of tourists, a group interest
preference is calculated using aggregation or intersection techniques on the preferences
of individual tourists in that group.

3. Tourist Feedback Each tourist is able to rate individual items in the recommended
itineraries, which is used to improve future recommendations.

One unique characteristic of e-Tourism is their representation of tourist interest pref-
erences, which are based on a hierarchical taxonomy of features instead of explicit POI
categories. This approach provides a general representation of items and allows the system
to be easily generalized to other application domains.

Intrigue System INteractive TouRist Information GUidE (or Intrigue) is a web and mobile-
based system that aims to recommend tours to both individuals and groups of tourists [3].
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For a group of tourists, the usage scenario for Intrigue is that a specific (lead) tourist will use
the system to: (i) indicate the number of tourists in that tour group; (ii) manually specify the
subgroup that each tourist belongs to, based on the tourist demographics (e.g. age and back-
ground) and interest preferences; and (iii) enter details about each subgroup via a registration
form (an optional step). The main idea is that a large tour group could be divided into smaller
homogeneous subgroups, e.g. a particular subgroup could be defined by the characteristics
of ages ranging from 30 to 40 years old, backgrounds in engineering, and interests in archi-
tecture and museums. The tour recommendation occurs in an iterative fashion that involves
the tourist indicating their trip constraints and explicitly adding recommended POIs, before
Intrigue schedules an itinerary based on selected POIs and trip constraints.

Travel Decision Forum The Travel Decision Forum [53] was one of the earlier applications
that focused on group recommendations in the context of tour planning. This system uti-
lizes group-oriented interfaces and virtual agents to enhance mutual awareness among group
members for soliciting interest preferences to resolving conflicted preferences. Some key
features of this application are:

– Solicitation of Interest Preferences Interest preferences are solicited in the form of user
ratings and importance, which are viewable by all group members.

– Generation of Proposal Solutions are generated using either average/median rating, ran-
dom choice or a non-manipulable, joint-rating mechanism [32].

– Discussion of Proposal Each user can either accept the proposed solution or discuss with
other users to come to a mutually-agreeable solution.

While Travel Decision Forum is used for tourism purposes, its main purpose is to solicit
and de-conflict group interest preferences using interaction-based techniques. Additional
work is required to translate these group interests into the recommendation of relevant POIs
as a group tour itinerary.

Top-k group recommendationsClosely related to the group tour recommendation problem are
the problems of top-k recommendations for groups and group recommendation, where the
main objective is to recommend a ranked list or set of items that are of relevance to a group of
users. These problems typically focus on retail items such as films, songs or books, with [87]
recommending sets of POIs as items but not in the form of an itinerary. More specifically,
[87] examined the problem of group formation such that the constructed group comprises
members who are more likely to prefer a top-k item recommendation. Others have studied a
related problem where the group members are pre-determined, and the objective is to model
a collective group preference and/or recommend items to each group. For example, [52]
proposed an algorithm for representing group preferences as a set of high level features that
are not biased towards specific individuals, using collective deep belief networks and dual-
wing restricted Boltzmann machines. Others like [1] tried to derive a group consensus score
that maximizes item satisfaction for all members of a group, while minimizing the level
of disagreement among members of the group. Yuan et al. [111] proposed a probabilistic
model for group recommendations that accounts for group members with different levels of
influence and how user preferences change when acting as an individual compared to being
a member of a group.

While these works are targetted at groups of users, their main objective is to recommend
either a ranked list of items or a set of items, which are typically retail items andmerchandise.
Although these works can be adapted to tourism by treating individual POIs as items, they do
not recommend these POIs as a connected itinerary nor do they consider the various spatial
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and temporal constraints that are associated with tour planning. For a more comprehensive
review on group recommendation research, we refer the interested reader to [10].

5 Evaluation strategies

A key process in tour recommendation research is the evaluation of the recommended tour
itineraries, namely howwell they satisfy the requirements of the individual tourists. However,
there are many interpretations of these requirements, thus leading to a variety of evaluation
strategies used by the various works in this area. In this section, we aim to highlight the
various forms of evaluation strategies and discuss the advantages and disadvantages for each
of them.

5.1 Real-life evaluations

We classify an evaluation strategy as a real-life evaluation if the recommended itineraries are
compared against the real-life travel history of a tourist. As discussed in Sect. 2, these real-life
travel histories can be obtained from various sources, namely: (i) geo-tagged photographs;
and (ii) location-based check-ins. For both of these sources, the real-life visits of tourists
can be narrowed down to individual POIs, which allow a researcher to compare the POIs
in a recommended itinerary against the real-life POI visits by tourists. To facilitate such a
comparison, various Information Retrieval (IR)-based metrics are used, such as:

1. Precision The proportion of recommended POIs that were also visited by the tourist in
real life.

2. Recall The proportion of POIs visited by the tourist in real life that were also recom-
mended.

3. F1-score The harmonic mean of both precision and recall.

Other definitions of Precision, Recall and F1-score include variants to measure how well
the categories of POIs in the recommended tour reflect the POI categories that were visited
in real life, i.e. how well the recommendations match real-life user preferences [15,17].
Similarly, Chen et al. [25] used variants that account for POI visit orders in real life, while
others [71,73] used root-mean-square error to determine the variations between recommend
POI visit durations and real-life visits.

5.2 Heuristic-based evaluations

In cases where the real-life travel histories of tourists are not available, or as a supplemental
analysis to the IR-basedmetrics introduced in Sect. 5.1, heuristic-basedmetrics are often used
to evaluate the effectiveness of the recommended itineraries. Some examples of heuristic-
based metrics are:

1. Total POIs Recommended The total number of POIs recommended to a tourist as part
of an itinerary.

2. POI Popularity The summation of popularity scores of all POIs recommended to a
tourist, i.e. total tour popularity.

3. Tourist Interests The summation of interest alignment scores of all POIs recommended
to a tourist, i.e. total tour interest.
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Apart fromusing the summation of POI popularity and tourist interests, possible variations
include using other statistical values based on the average, median, minimum, maximum or
other percentile/quartile values. Particularly for group tour recommendation, the minimum
and maximum tour interest values would, respectively, reflect the least and most satisfied
tourist in a group. Novelty is another important aspect of recommendations, and thus another
measure would be based on how new and interesting recommended POIs are.

5.3 Crowd-based evaluations and user studies

In contrast to the quantitative measures used in the real-life and heuristic-based evaluations
(covered in the previous sections), an alternative evaluation methodology is to utilize qual-
itative measures, which are typically smaller in scale but more detailed in scope. Examples
of such qualitative measures are:

– User Studies This evaluation involves a small number of experiment participants using
the proposed tour recommendation system and other baseline systems, before answering
a survey based on subjective criteria, such as the usability of the system. For example,
[106] utilized user studies of 10 participants comparing their Aurigo system against the
baseline Google Maps.

– Crowd-based Evaluations Crowdsourcing services, like Amazon Mechanical Turk
(AMT), are another popular platform for evaluation purposes with more focus on the
recommendation results, i.e. the tour itineraries. In contrast, user studies focus on the
user experience in using the tour recommendation system. For example, [29,30] used
AMT workers to evaluate their recommended tour itineraries against baseline itineraries
by tour agencies.

One key advantage of these evaluations is that they provide us with information regarding
active user volumes and user feedback, thus serving as real-life indicators of how successful
a specific system or algorithm is.

5.4 Online controlled experiments

Online companies such as Google, Microsoft and Yahoo! frequently use online controlled
experiments to evaluate the effects of website user interface and design changes on live users
in a real-life setting [58,63,74,92]. Such experiments involve showing a specific design or
algorithmic variant to a user group, while an alternative variant is shown to another user
group. Similarly, tour recommendation systems can utilize online controlled experiments on
a smaller subset of users before introducing new features. The evaluation of these features
could include:

– Design-based VariantsThe evaluation of changes to awebsite user interface, which could
include the way recommended tours are displayed or the design of a form to solicit user
information.

– Algorithm-based VariantsThe evaluation of changes to the underlying tour recommenda-
tion algorithms, e.g. comparing a Naive Bayes recommender against a popularity-based
recommender such as in [56].

More importantly, online experiments serve as a form of implicit user feedback, which
allows us to determine the interest level of users based on their interactions with the tour
recommendation systems.
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6 Conclusion and future directions

We have provided a comprehensive review of the literature in the area of tour itinerary
recommendation and highlighted the key differences between tour itinerary recommenda-
tion and the related areas of Operations Research, next-location prediction, top-k location
recommendation and travel package/region recommendation. We developed a taxonomy to
describe general touring-related research, with a detailed breakdown of tour itinerary recom-
mendations based on various real-life considerations such as POI popularity, user interests,
time constraints, user demographics, transport modes and traffic conditions. In addition to
reviewing a large selection of tour itinerary recommendation problems and solutions, we
also discuss the various types of datasets (geo-tagged social media, location-based social
networks, and GPS trajectory traces) and evaluation methodologies (real-life and heuristic-
based metrics, user studies and online experiments) that can be employed in tour itinerary
recommendation research.

Based on our survey, we observed a trend of tour recommendations that originated from
optimization approaches and moving towards personalized and context-aware approaches
with the prevalence of big social data. Although tour itinerary recommendation has beenwell-
studied in recent years, there still remain interesting research directions to explore. Moving
forward, we highlight future directions that consider various new context and personalization,
such as:

– Consideration of Transport Modes Future tour itinerary recommendation research can
consider multiple modes of transport (e.g. walking, bus, train, taxi, car), instead of a
single type of transport, with an objective of minimizing changing and waiting time when
switching between transport modes. Another research direction is incorporate constraints
on transport modes to cater to different demographics group, e.g. adults (all transport
modes), families with babies or the elderly (all transport modes except walking).

– Dynamic Tour Recommendation As environment may change during the course of a
tour, another possibility for future work is to develop dynamic tour recommendation
algorithms that adapt to these changing contexts during a pre-planned tour, e.g. bad
weather, human fatigue, traffic congestion. For example, a tourist completed half of a
recommended tour itinerary before it started to rain, in which case the algorithm should
modify the remaining tour itinerary to include POIs that are indoor and linked by shelter.

– Country-specific Tour Recommendation Politics, economy and culture are also important
considerations for a tourist to visit a specific city or country, e.g. tourists might prefer
visa-free countries or countries speaking the same language. Thus, an interesting future
direction would be to consider the home country of the tourist, before recommending
tours in countries that matches his/her preferences for certain political, economical and
cultural status.

– Explicit Feedback and Improvements Another possible future enhancement is to incor-
porate mechanisms for obtaining explicit feedback (e.g. user ratings) or implicit signals
(e.g. length of time at POIs), which can serve: (i) as an evaluation metric to measure user
satisfaction; (ii) to build a more accurate interest model for returning user; and (iii) to
improve future tour recommendations by avoiding POIs with negative feedback.

– Sentiment and Activity-based User Interests Current tour recommendations typically
model user interests based on visit counts to specific POIs or POI categories, but do not
consider the sentiments towards these POIs or the type of activities. Future work can
utilize sentiment analysis or topic modelling techniques to better model sentiments and
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activities at specific POIs, leading to a more fine-grained model of user interests for tour
recommendations.

– Cold-start Tour Recommendation For the widespread adoption of automated tour recom-
mendation systems, there is a need to address the cold-start problem of determining the
interest preferences of new users with no previous travel history. Future work can infer
interest preferences of users based on other sources of information, e.g. demographic
details or interests of friends.
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